The aim of phase I clinical trials is to obtain reliable information on safety, tolerability, pharmacokinetics (PK), and mechanism of action of drugs with the objective of determining the maximum tolerated dose (MTD). In most phase I studies, dose-finding and PK analysis are done separately and no attempt is made to combine them during dose allocation. In cases such as rare diseases, paediatrics, and studies in a biomarker-defined subgroup of a defined population, the available population size will limit the number of possible clinical trials that can be conducted. Combining dose-finding and PK analyses to allow better estimation of the dose-toxicity curve should then be considered. In this work, we propose, study, and compare methods to incorporate PK measures in the dose allocation process during a phase I clinical trial. These methods do this in different ways, including using PK observations as a covariate, as the dependent variable or in a hierarchical model. We conducted a large simulation study that showed that adding PK measurements as a covariate only does not improve the efficiency of dose-finding trials either in terms of the number of observed dose limiting toxicities or the probability of correct dose selection. However, incorporating PK measures does allow better estimation of the dose-toxicity curve while maintaining the performance in terms of MTD selection compared to dose-finding designs that do not incorporate PK information. In conclusion, using PK information in the dose allocation process enriches the knowledge of the dose-toxicity relationship, facilitating better dose recommendation for subsequent trials.
Introduction
Dose-finding studies are carried out in the very early stages of clinical evaluation, along with the first assessment of safety and pharmacokinetics (PK) in humans. The phase I dose-finding study is usually the first trial in human subjects and has the goals of evaluating the safety of the tested drug, finding the maximum tolerated dose (MTD), and identifying a recommended dose (RD) for subsequent trials. The PK data collected during such a study provides a first step in describing the dose-concentration and dose-toxicity response relationships. Phase II studies then evaluate efficacy in patients, and may involve pharmacodynamic (PD) markers. Phase I trials usually include a small number of healthy volunteers (Chevret, 2006 ). An exception is in oncology, where, due to the potential high toxicity of drugs, even phase I trials are performed directly on patients (Chevret, 2006) . In this case, PD measurements may be collected at this early stage in the drug development process (Lesko, 2007) . PK/PD studies may be carried out both in the preclinical and in clinical stages, although informative PD biomarkers are generally available most frequently from phase II onwards (Derendorf et al., 2000) . Since the effect of a drug usually depends on the drug-receptor interaction and on the responses of the physiological system, it is useful to monitor the concentration and take into account metabolic information in preclinical trials as well as in trials in humans. Moreover, regulatory agencies, such as the US Food and Drug Administration (FDA) and the European Medicines Agency (EMA), require both characterization of the concentration-response and exposure-toxicity relationships and dose justification for any new drug submission. Thus, modeling and simulation are increasingly used to streamline the drug development process (Mould and Upton, 2012) . Moreover, after a drug candidate is selected for further development, detailed information on the metabolic processes and pharmacokinetics of the new drug is required by regulatory agencies (Jönsson et al., 2012) .
Identifying the right dose or set of doses is a crucial objective in the drug development process: selecting too high a dose can result in an unacceptable toxicity profile, while selecting a dose that is too low increases the likelihood that the drug provides insufficient efficacy (Bretz et al., 2005) . The dose escalation paradigm in phase I and/or phase II trials thus generally aims to avoid either unnecessary ineffective doses or toxic doses of an agent, that is to treat as many patients as possible within the therapeutic dose range. Due to the limited sample size, conventional statistical analysis could be inaccurate and adaptive designs have been proposed as they can potentially find the MTD sooner and limit the number of subjects used (Le Tourneau et al., 2009 ).
In the case of small population sizes, for example in rare diseases or pediatrics, it should be useful to take into account all the information collected during the trial, and to try to use PK data within the dose-finding design. We expected that using all data available could be helpful in the recommendation of doses to be tested in subsequent trials, for example phase II and phase III. Standard dose-finding designs like the 3+3 design or the CRM focus only on toxicity outcomes. This may be appropriate when simply targeting the highest dose subject to specific safety constraints but ignores the underlying dose-toxicity relationship. PK information could help to give a better understanding of the entire dose-toxicity relationship. In such situations, we propose to study and compare methods that use PK measurements in the dose allocation process in order to understand if and when this might be beneficial. In this paper, we will focus on small sample results, as dose-finding phase I studies typically involve a limited number of subjects, but these methods could also be applied in larger studies.
The remainder of the paper is organized as follows. Section 2 describes and summarizes the motivation for our study. Section 3 introduces the statistical models and methods, either found in the literature and modified or newly proposed here. Section 4 outlines the simulation studies carried out and the results achieved. The last section includes discussion and recommendations.
Motivation
In phase I studies, even if dose-finding and PK/PD analysis are carried out in the same trial, they are often conducted and reported independently in different sections in publications reporting trial results. A survey of the way pharmacokinetic analyses were reported in published phase I clinical trials in oncology was carried out in 2009 (Comets and Zohar, 2009 ): over 300 published papers were reviewed to evaluate how PK studies were presented and used in dose-finding trials. In 84% of published papers, the PK analysis was clearly defined as a primary objective of the study at the same level as finding C 2017 The Authors. Biometrical Journal published by WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com the MTD, but the dose-finding study and the PK analysis were performed separately and described in distinct paragraphs. Only in 12% of the papers did the authors try, usually at the end of the trial, to retrospectively associate the observed toxicities or MTD with PK measurements. None of the clinical trials made any attempt to take into account the PK data during the trial in the dose-allocation process. In some papers that did include a retrospective analysis linking PK data and dose-finding there was a statistically significant relationship between toxicity and PK measures. For instance, in Broker et al. (2006) , the authors found that patients for whom a DLT was observed, or there was a dose reduction after the first dose, had a mean AUC significantly different to patients not experiencing severe toxicity. Ajani et al. (2005) also found that patients who experienced a DLT had a statistically significantly higher AUC than patients who did not experience a DLT. By contrast, Fracasso et al. (2005) found that neither toxicity nor response was clearly related to the drug AUC or clearance. In these illustrations, the relation between DLT and PK was obtained retrospectively so it is unclear if the estimated MTD at the end of the trial would have been the same or different if the PK had also been used to guide the dose allocation process.
One possible hurdle to a more integrated approach is the difficulty of taking into account PK/PD measurements in the dose-finding process. Dose-finding methods using PK information include pharmacologically guided phase I trials (Collins et al., 1990) , which use preclinical PK information to select the set of the doses tested in a dose-escalation study, as well as extensions of the Continual Reassessment Method (CRM) (O'Quigley et al., 1990) , such as the use of a parametric dose-toxicity function that incorporates quantitative effects for both the dose of drug and a PK measure of exposure proposed in Piantadosi and Liu (1996) . A middle ground was proposed by Patterson et al. (1999) and Whitehead et al. (2007) , who proposed a Bayesian procedure with a nested hierarchical structure, in which PK/PD data are used to fit an overall dose-response relationship, so that PK/PD data are considered as dependent variables rather than as covariates. In both cases, decision theory is applied to maximize a chosen gain function in order to select the next dose. A special case is presented in O'Quigley et al. (2010) , where, in the field of bridging studies, the dose associated with a mean PK response was selected based on linear regression analysis.
Our purpose in the present study is to determine what additional information on the MTD and the dose-toxicity relationship is gained by incorporating PK information in the dose allocation process, and whether the benefit is sufficient to balance the added complexity of such a trial. The design and data collection will be more complex, as getting PK measures in real time during the trial can be challenging and expensive. PK data are generally collected and analyzed before going to Phase II, but usually not at the time of dose allocation in the ongoing Phase I study. On the other hand, in certain areas such as rare diseases, pediatrics, and biomarker-specific subgroups, the size and nature of the population will impose logistic and ethical constraints on clinical trials, limiting the number of patients to be recruited as well as the amount of information that can be obtained for each subject. In such cases, during the early phase, instead of conducting the PK and the dose allocation separately, the possibility to combine both types of information to allow a better estimation of the dose should therefore be considered.
Our main motivation in this paper is therefore to propose, study, and compare methods that enable the use of PK measures in sequential Bayesian adaptive dose-finding design, where Bayesian estimation takes into account prior information and the dose assigned to the next cohort is adapted sequentially using all information already accrued (sequential Bayesian adaptive designs). We considered different approaches developed for specific cases or diseases, and extended the underlying models to modify and adjust them to the same clinical setting. We then compared the methods, including also designs in which PK data are not used, through an extensive simulation study. We simulated subjects with PK and toxicity data based on a real example from a novel approach in oncology, inhibition of TGF-β signaling to block tumor growth (Gueorguieva et al., 2014) . The PK measure of exposure was the area under the concentration curve (AUC), and was considered to trigger toxicity when above a certain threshold. The AUC was included in the dose-finding process in different ways, including being used as a covariate, as a dependent variable or in a hierarchical model. We evaluated the different approaches C 2017 The Authors. Biometrical Journal published by WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com in terms of the probability of selecting the MTD correctly and the percentage of subjects underdosed or overdosed. We also investigated the ability of each method to estimate the dose-toxicity curve, that is, to estimate correctly the probability of toxicity at each dose level tested in the trial. We propose to compare and discuss these methods in order to understand if there is a benefit from incorporating PK information and if so how this can best be achieved, and to give recommendations for practice.
Dose-finding methods
In this section, we describe the methods selected to be compared in this work. Three Bayesian dosefinding methods identified from the literature and modified to be applied in the same context are described in detail. In these methods PK measurements could enter in the model as covariates (Piantadosi and Liu, 1996; Whitehead et al., 2007) or as the dependent variable in regression (Patterson et al., 1999; Whitehead et al., 2007) . Two variations of such methods are proposed and two other methods have been added to test the behaviors of the two philosophies "dose -tox" and "dose -auc -tox." The first approach, "dose -tox," is the most common and entails estimating the relationship between the probability of toxicity, p T , and dose directly. Thus, this simply requires a statistical model to link p T and dose. The second approach, "dose -auc -tox," instead, consists of estimating probabilities of toxicity of doses through the AUC, or some other PK measure of exposure. This involves use of two models relating AUC to dose and toxicity to AUC and then computation of p T as an expectation, that is, using notation described in detail below,
For each method, the dose-toxicity model or the AUC-toxicity model, the dose allocation rules and the method for recommendation of doses are described.
∈ D be the dose administered to the i-th subject, y i be a binary variable that takes value 1 if the i-th subject shows a DLT (dose-limiting toxicity) and 0 otherwise, and z i be the logarithm of the AUC for the i-th patient. Moreover, let p T denote the probability of toxicity, β the vector of the regression parameters (not in bold if there is only a single parameter), and n the sample size. Finally, let θ be the target probability. Other notation required for the description of each specific method are introduced.
PKCOV
The first method, which we will call PKCOV, is a modification of the method proposed by Piantadosi and Liu (1996) who suggested incorporating PK as covariate in a model for p T through the logit link. Dose-toxicity model: The PKCOV method dose-toxicity model is
where β = (β 1 , β 2 ), β 0 is a constant and z d k is the difference between the logarithm of population AUC at dose d k and z, the logarithm of AUC of the subject at the same dose. The original model uses d k instead of log(d k ), but simulations from the PK model (described in the next section) showed that the relationship is linear with log(d k ) and not d k . Therefore, we also changed AUC to z in order to have both the covariates on the same scale. The two covariates are not correlated if an underlying linear PK model is assumed, since z does not depend on dose but on PK parameters such as clearance. As in the original paper, we will use independent uniform priors for β 1 and β 2 so that the joint density function is given by 
with p T replaced by its explicit formula obtained from inverting Eq. (1).
Dose allocation rules:
The dose chosen for the next cohort enrolled, after having collected data from the i previous patients, is the dose d k whose posterior probability of toxicity
is nearest to the target probability, that is Recommended dose: the final MTD estimate is given by d [n+1] , that is the dose that would have been recommended for the (n + 1)-st subject enrolled in the trial.
PKLIM and PKCRM
The second method, which we will call PKLIM, is a modification of the method proposed by Patterson et al. (1999) and Whitehead et al. (2001) , in which the authors used a hierarchical PK-toxicity model in a cross-over trial setting. Modifying their approach for a noncross-over trial, that is removing random effects and using an underlying one compartment PK model, we obtain a Bayesian linear regression model. Dose-AUC model:
where (a, b) are the prior distributions on (β|ν), the conditional mean, and ν, the standard deviation. G is a diagonal matrix and constants m, G, a, and b are chosen to represent prior knowledge. In contrast to the original model, we propose the use of a beta distribution for ν since this parameter is related to the interindividual variability of clearance, a PK parameter, and we assume that its value is between 0 and 1. Dose allocation rules: the dose assigned to the next cohort, after having collected data from the i previous patients, is chosen so as to satisfy
where L is a threshold set before starting the trial andβ i is the posterior mean of β, computed after i patients. We changed the original dose allocation rule in which the dose assigned to the (i + 1)-st subject is chosen as the largest dose that satisfies the safety constraint P(z i+1 > L|β =β i ) ≤ θ , since simulations indicated that the original approach is less robust and, due to estimation problems, tends to be overly conservative. As with the PKCOV method, we added the no-skipping dose rule. Recommended dose: the MTD is defined as the dose recommended for the (n + 1)-st subject.
Since an assumption underlying the model is that DLTs are based on the AUC exceeding some threshold, the method could be applicable only when such a threshold is known. In order to try to avoid this problem, we propose a new method, PKCRM, which is the combination of PKLIM and the CRM using a power working model and normal prior on the parameter. In PKCRM the dose C 2017 The Authors. Biometrical Journal published by WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com recommended for the next subject is the lowest of the doses recommended by the two methods. Thus the incorporation of the PKLIM method provides an additional safety check based on the AUC.
PKLOGIT
In the third method, called PKLOGIT, inspired by Whitehead et al. (2007) we use z i instead of dose d [i] as a covariate in a logistic regression model for p T . AUC-toxicity model:
with a bivariate uniform distribution as prior distribution for
where u 2 and l 2 are, respectively, the upper and the lower bound of the uniform distribution chosen for β 2 , U (l 2 , u 2 ), and u 3 and l 3 for β 3 , U (l 3 , u 3 ). These priors, although not as used by Whitehead et al. (2007) , have been chosen in order to make this method more comparable with other methods presented in this paper. Lastly, we borrowed the hierarchical model of PKLIM for z i that is necessary for computing the posterior probability of toxicity associated with each dose. The likelihood and the posterior means for parameters are obtained by substituting the explicit form of p T (z, β), obtained by inverting Eq. (6), and the actual prior distribution into Eq. (2).
Dose allocation rules: Since we did not include the PD variable in our work, we modified the dose allocation rules shown in the original paper (Whitehead et al., 2007) and the dose given to the next cohort, after having enrolled i patients, is the one whose predictive probability
is the nearest to the target probability θ . In Eq. (10), g is the predictive normal density of z i+1 givenβ i whereβ i = (β 0 ,β 1 ,β 2 ,β 3 ) i have been estimated across all doses. As in the previous models, we added the no-skipping dose rule. Recommended dose: the MTD is defined as the dose d [n+1] ∈ D recommended for the (n + 1) subject.
PKPOP

Dose-toxicity model:
A variation of PKLOGIT, that we call PKPOP, arises by replacing z with z k,pop in Eq. (6), where z k,pop is the mean value of the logarithm of AUC at dose d k predicted by the hierarchical model in PKLIM. In other words, we replace the observed value for the patient with the population mean value. In this way, we pass directly to the population level. Dose allocation rules: the dose for the next cohort is the dose d k whose posterior probability of toxicity
is nearest to the target probability, that is
Recommended dose: As for other methods the MTD is defined as the dose d [n+1] ∈ D recommended for the (n + 1)-st subject.
PKTOX
The fourth method, called PKTOX, that estimates probabilities of toxicity of doses passing through the AUC, is essentially the PKLOGIT method with a probit regression model replacing the logistic regression. 
with represents the standard cumulative normal distribution, replaces Eq. (6) in PKLOGIT method. The use of a probit instead of a logistic regression model is consistent with the example chosen, described in the next section, and is studied to verify what happens in the best case, that is when the statistical analysis and simulation models coincide. Dose allocation rules: As in PKLOGIT, the dose given to the next cohort is the one with predictive probability
nearest to the target probability θ . As in the previous models, a no-skipping dose rule is added. Recommended dose: the MTD is defined as the dose d [n+1] ∈ D recommended for the (n + 1)-st subject.
DTOX
The last method, that we will call DTOX, follows the usual way of estimating p T versus dose directly without the PK measurements and is included to check the behavior of this standard method. Dose-toxicity model: the dose-toxicity model is
with a bivariate uniform distribution chosen as the prior distribution for
The likelihood can be computed substituting Eq. (11) into Eq. (2). Dose allocation rules: the dose chosen for the next cohort is the dose d k whose posterior probability of toxicity
is nearest to the target probability θ .
Recommended dose: As for all other methods, the MTD is defined as the dose d [n+1] ∈ D recommended for the (n + 1)-st subject.
Simulation study 4.1 Simulation settings
In the context proposed for our simulations, toxicity is related to a PK measure of exposure, more precisely to the AUC, the area under the curve in a plot of concentration of the drug in blood plasma against time. We could not follow the usual way of simulating toxicity in dose-finding simulation trials, in which a set of probabilities, one for each dose, is set and patient's responses are drawn from Bernoulli distributions. Rather, we first simulate PK data and then simulate toxicity based on the AUC values. In order to achieve this we started with the example based on the PK model for the TGF-β inhibitor LY2157299 in patients with glioma (Gueorguieva et al., 2014; Bueno et al., 2008) . TGF-β signaling is an important growth regulator in advanced cancer and a novel treatment approach consists of inhibiting TGF-β signaling in order to simultaneously inhibit tumor spread and neo-angiogenesis and improve the patient's anti-tumor immune response.
We used a simplified PK model as in Lestini et al. (2015) , that is a first-order absorption linear one compartment model, parametrized by k a , the absorption rate constant for oral administration, CL, the clearance of elimination, and V , the volume of distribution. The equation that expresses the concentration c(t) at time t after the drug administration d k at time 0 is then Figure 1 left hand plot shows the behavior of the model described above, with k a = 2 h −1 , CL = 10 L h −1 , and V = 100 L for the doses of 12. 6, 34.65, 44.69, 60.8, 83 .69, and 100.37 mg.
With the exception of k a that is taken to be fixed with k a = 2 h −1 , we suppose that subjects' PK parameters come from log-normal distributions with means equal to the values proposed in Lestini et al. (2015) ; CL = 10 L h −1 and V = 100 L, and standard deviations ω CL = ω V equal to 70% or 30% in the different scenarios. Based on this, we simulated several scenarios, with PK data simulated from this model with different probabilities of toxicity.
In order to relate PK and toxicity, we introduced a measure of subject sensitivity in our model. We set a linear function of AUC, that is s(AUC) = αAUC, in which α is a sensitivity parameter of the patient assumed to come from a log-normal distribution with mean equals to 1 and standard deviation ω α . We then fixed a threshold, τ T , and assumed that a subject would experience a DLT at a given dose if s(AUC) is equal to or greater than τ T . Therefore, since AUC is computed as d k /CL, we have that
where () represents the cumulative function of a standard normal distribution.
Changing the values of ω α leads to different scenarios for p T , as shown in Fig. 1 (right hand plot). Seven different scenarios were simulated. Values of τ and α were chosen in order to have the MTD at a specific position. Table 1 shows the parameters used in the different scenarios. The first scenario is the closest to the models presented in Gueorguieva et al. (2014) and Lestini et al. (2015) and the doses used in the simulated trial were chosen to achieve the desired probabilities of toxicity, that is (0.001, 0.05, 0.1, 0.2, 0.35, 0.45), under this scenario by inverting Eq. (13) with ω α set to zero so that the threshold is the same for all patients. We then modified the threshold in order to simulate trials in which the MTD was in another position without changing the way in which toxicity was simulated (scenarios 2 and 3). In the next two scenarios (4 and 5), we added variability in the threshold to explore situations in which patients will experience toxicity according to a subject-specific threshold, which is likely to be more representative of actual toxicity occurrence. Finally, we analyzed scenarios where the IIV is decreased from 0.7 to 0.3 (scenarios 6 and 7) to evaluate a situation where we expect the impact of taking PK information into account to increase. In our setting, we took the measure of exposure to be area under the concentration time curve (AUC), but, depending on the mechanism of action of the drug, C max or some other measurements of exposure could be used instead.
Trial settings
In order to compare the dose-finding methods, we simulated subject responses to all doses for each trial. We started by drawing individual PK parameters from the population distributions for each subject, as described in the previous subsection. Then, for each dose level and for all patients we computed concentration measurements to which we added a proportional error drawn from a normal distribution with zero mean and standard deviation of 20%. Finally, we simulated toxicity values at each dose level using Eq. (13). Each simulated dataset was stored and, for each dose-finding method, subject responses were read from this complete dataset. In this way, when two methods coincide in dose allocation, the results of the simulated runs are the same. For each scenario, 1000 trials were simulated.
For the design, we supposed a cohort size of 1 subject and a fixed sample size of 30. We escalated the dose one by one until the first toxicity and then we switched to the chosen model design (two-stage design). If any toxicity is seen in the trial, estimation methods are applied at the end of the trial. In order to estimate the AUC, we assumed a one-compartmental model with linear elimination and we estimated parameters for each patient through nonlinear least squares (NLS) method. Ten samples from simulated concentrations were used in NLS. For the PKCOV method, the population AUC at dose d k was computed as the mean of the AUCs of the previous subjects allocated at dose d k . As in Gueorguieva et al. (2014) , we set θ equal to 0.2, that is the MTD is the dose for which 20% of subjects exhibit DLT. We applied PKCRM with several L instead of PKLIM alone, since PKLIM depends only on L and gives the same result in all scenarios. We set L equal to 7.05, 10.96, 15.09, and 18.1 mg L −1 h. The last three represent real thresholds τ T used to simulate scenarios, to put ourselves in the best case possible for the PKCRM in at least one scenario. The skeleton of CRM for all the trials was set as p = (0.01, 0.05, 0.1, 0.2, 0.35, 0.45) , that is the real probabilities of toxicity related to the first scenario except for the first dose, and priors and other constants are summarized in Table 2 . Priors were chosen for the case in which we have good previous information for scenario 1. This is the case in which, for example, we have information from preclinical data. When this was impossible, for example for PKLOGIT and PKTOX (since it is difficult to approximate a step toxicity function through a logistic or function), we selected values which, after preliminary simulations, gave us acceptable results for several settings, as is usually done in the absence of prior information. Figure 2 PCS for all the methods through seven scenarios. The estimated probability of toxicity with Clopped-Pearson 95% confidential intervals after 1000 simulations is plotted for each method. Scenario 2 is omitted since it was intermediate between scenarios 1 and 3, as well as the PKCRM L=15.09 method, which behaved as expected in between PKCRM L=10.96 and PKCRM L=18.1 .
Results
In Fig. 2 , we summarize the results on the probability of correct selection (PCS), that is, the percentage of simulated trials in which the correct MTD recommendation was made. We plotted the estimated probability of toxicity with Clopper-Pearson 95% credible intervals after 1000 simulations for each method. To improve the layout of the figure, we decided to show only six scenarios, omitting Scenario 2 that was intermediate between scenarios 1 and 3, as well as the PKCRM L=15.09 method, which behaved as expected in between PKCRM L=10.96 and PKCRM L=18.1 . Tables 3, 4 , and 5 give details of PCS, and the probabilities of overdosing and under-dosing for all methods in the 7 scenarios. Results are divided in three tables, according to characteristics of the scenarios. In Table 3 results from scenarios with ω CL = ω V = 0.7 and without variability in α are summarized, Table 4 shows results for scenarios with ω CL = ω V = 0.7, fixed threshold τ T = 10.96 and several ω α , and Table 3 Percentage of dose selection at the end of the trials, percentage of dose allocation and median, minimum, and maximum number of DLT for scenarios with In the two upper plots of Fig. 2 scenarios 1 and 3 are shown: they correspond to simulations with the same PK parameter values, without variability in α; the only difference is in the threshold τ T , which is changed to have a different dose level as MTD. Full results including scenario 2, where the MTD is at level 5, are grouped together in the summary Table 3 . We recall that priors for the dose-finding methods were set, when possible, to be informative for scenario 1, and were then kept the same for all other scenarios where they were "wrong" with respect to simulated values. Priors for PKLIM could be considered informative for all the trials. We tried using noninformative priors and achieved similar results, which is not unexpected since the response was essentially a linear regression. For that reason we do not show the results obtained with other noninformative priors for PKLIM.
In scenario 1, shown in Fig. 2A , all the methods, except for PKCRM L=7.05 , achieved a PCS between 50% and 60%. PKCRM L=18.1 reached the MTD 60% of times and thus had the largest probability of finding the real MTD. Decreasing L down to the real value of τ used in the simulation, PKCRM achieved lower PCS but with reduced percentages of overdosing and median number of DLTs (Table 3 ). With L < τ PKCRM was not able to target the correct MTD, which we expected due to a strong PK constraint. PKCOV and DTOX showed similar behavior, with PCS of 55% while PKLOGIT and PKTOX had the lowest maximum number of DLTs. On average, 5 to 6 DLTs were encountered within each simulated trial of 30 subjects (20%), regardless of the method used. The minimum number of DLTs was 1 for all methods, and the maximum number of DLTs ranged from 9 to 12, showing that the choice of the dose-finding method did not have much impact on the expected number of toxicities. In the third scenario in which the MTD is at the highest dose level, seen in Fig. 2B , the best PCS was achieved by PKCOV but at the cost of an increased maximum number of DLTs; 11 instead of 7-9 as the other methods. Within the PKCRM family, only PKCRM with the right L was able to identify the correct MTD in the majority of simulated trials (54%), a percentage similar to those for PKLOGIT and PKTOX (respectively 58% and 56%). PKPOP and DTOX had comparable results with PCS of 66%. Since all methods are Bayesian, we decided to apply them at least at the end of the trial even if there were no patients showing toxicity, in order to evaluate the strength of prior information.
In the next two scenarios (4 and 5, middle plots in Fig. 2 ), we introduced variability in the relationship between AUC and toxicity through inter-individual variability in α. The toxicity-AUC curve over the population is then no longer represented by the Heaviside function, i.e. a step function, but affected by individual subject sensitivity to the drug. Fig. 2C shows the results for scenario 4, which has the largest variability in α. The percentage of correct predictions decreases for all methods, because of the added inter-individual variability. PKCOV, PKPOP and DTOX showed similar behavior with, respectively, PCS of 22%, 26% and 27%. Conversely, adjacent dose levels to the MTD were allocated more often, showing evidence of dose redistribution, as can be expected in this setting. PKTOX and PKLOGIT were less affected, with the probability of correct predictions decreasing only to 38%. The method performing best with regards to selecting the MTD was PKCRM L=7.05 (PCS of 54%), which also had the lower percentage of overdosing. With less inter-individual variability in the PK-toxicity relationship, as in scenario 5, the differences between the methods were reduced as shown in Fig. 2D . All the methods exhibited a PCS rate between 31% and 44%. PKTOX and PKLOGIT performed the worst, while the PKCRM family had the highest PCS. Again, the PKCRM methods with L lower than τ selected doses around the MTD more often.
In the final two scenarios (6 and 7, lower plots in Fig. 2) , we investigated the impact of the interindividual variability in PK, with (scenario 7) and without (scenario 6) variability in α. In these two scenarios, we decreased the inter-individual variability of clearance and volume of distribution from 70%, the value in the original data, to 30%. The results for scenario 6 are shown in Fig. 2E , and are qualitatively similar to those of scenario 1, but the percentage of correct selection now increases to values between 67% and 82%, except again PKCRM L=7.05 . PKCRM L=10.96 , with L equals to τ , has the lowest percentage of overdosing (see Table 5 in Appendix) followed by PKTOX and PKLOGIT. As before, introducing variability in α (scenario 7, Fig. 2F ) decreases the percentage of correct selection for all methods. The PKCRM family achieved rates for the PCS between 43% and 56%, while all the other methods give rates between 30% and 33%. Plot of medians of estimated probabilities of toxicities for each dose versus sample size for scenario 7. p1, p2, p3, p4, p5, p6 are the probabilities of toxicity related to dose level 1, dose level 2, dose level 3, dose level 4, dose level 5, and dose level 6, respectively. The black horizontal lines represent the true probability used in the simulation, and each curve represents the median over 1000 simulations of the corresponding estimated probability for one method. Only one member of PKCRM family is shown since they have similar results.
We also investigated the ability of each method to estimate the dose-toxicity relationship by considering the estimated probability of toxicity for each tested dose. This was evaluated for sample sizes increasing from 20 to 100 in order to evaluate the convergence of each method. The results are displayed in Fig. 3 for scenario 7. The black horizontal lines represent the true probability used in the simulation, and each curve represents the median over 1000 simulations of the corresponding estimated probability for one method. We plotted only one member of PKCRM family since they have similar results. Because overlaying prediction bands would make the plots illegible, we did not include them. Figure 3 shows that all the methods are able to accurately estimate the probability of toxicity of the MTD, consistent with the previous results on PCS. Also the probability of toxicity at doses adjacent to the MTD are well estimated, since, in our results true probability of toxicity is between the first and the third quartile of the distribution of estimated probability. However, only PKTOX and PKLOGIT are able to extend accurate estimation to the other dose levels. These two methods are indeed able to have a good estimation of p 1 (the probability of toxicity related to dose level 1) starting from a sample size of 25 patients, and of p 6 (the probability of toxicity related to dose level 6) from around 40 patients. Figure 4 shows the interquartile range for all methods for p 1 , p 3 , and p 5 , which are, respectively, the probabilities of toxicity related to dose level 1, 3, and 5.
Similar behavior was also observed for all other scenarios (plots not shown). PKTOX and PKLOGIT are able to give good estimates in each scenario, while other methods tend to estimate the probabilities of toxicity correctly only for the MTD and adjacent doses. The PKCRM family is able to estimate all probabilities of toxicity when the skeleton is identical to the real probability of toxicity. Over all scenarios, we noted that DTOX, PKCOV, and PKPOP gave more accurate estimates for extreme probabilities in scenarios in which ω α is equal to zero. Plot of three estimated probabilities (p1, p3, and p5) of toxicity versus sample size for scenario 7 for all the methods. Each quadrant shows the three estimated probabilities using a method. Median, first, and third quartile over 1000 simulations of the corresponding estimated probabilities are plotted. The black horizontal lines represent the true probability. From below, the first is for p1, the second for p3 and the last for p5. As in Fig. 3 only one member of PKCRM family is shown since they have similar results.
Finally, we checked estimation of the PK parameters at the end of the trial for each method. We used the simulated data and fitted models with Monolix. Despite the diverse distributions in dose allocations, all the results were similar suggesting that the choice of the method does not influence parameter estimation.
Discussion
In the present study, we reviewed, extended, and developed methods that take into account PK measurements in sequential Bayesian adaptive designs for early dose-finding studies in small populations. We adapted existing methods for the same clinical setting, which was taken from a real PK/PD example, the development of the TGF-β inhibitor LY2157299 in patients with glioma (Gueorguieva C et al., 2014) , where toxicity occurs after a high exposure to the drug. The same example has been used by Lestini et al. (2015) to evaluate adaptive designs in model-based approaches. We simulated a range of scenarios reflecting different assumptions and different amounts of inter-individual variability, in order to assess the performance of each method in term of the maximum tolerated dose as well as the estimation of the probabilities of toxicity associated with each candidate dose. With a fixed threshold in the AUC-toxicity relationship, the occurrence of toxicity assumed to occur whenever the exposure exceeds this threshold. This can reflect the physician's recommendation on a target concentration not to be exceeded though it may be too deterministic to be plausible in practice, as it reflects a strong clinical constraint set for safety reasons when nonmonitorable toxicity has been observed in preclinical phases during drug development. Introducing a variability in the AUC-toxicity relationship allowed us to simulate a more complex but also more physiologically reasonable situation in which the sensitivity to drug concentrations varies across subjects.
The two main findings from the simulated clinical trials are first, that having good prior information on PK, from preclinical data or other previous clinical trials, can help in decreasing overdosing without changing the PCS, and second, that only methods that estimate the probability of toxicity through the dose-AUC and AUC-tox relationships are able to estimate the dose-toxicity relationship adequately.
The first method presented, PKCOV, can be viewed as a "continuous" CRM with a PK covariate added. It resulted in one of the least accurate models. For instance, in scenario 4, following the PKCOV method, the wrong MTD was chosen in 77% of cases and adjacent dose levels to the MTD were allocated more often than the correct dose. A similar situation could be found in scenario 2. Adding the patient's AUC distance from the mean estimated value as a covariate can be seen as a way to take into account a measure of interindividual variability. In effect z d k depends on ω CL since, after r patients allocated at dose d, it follows a normal distribution with mean equal to zero and variance equal to (r + 1)ω 2 CL /r. It does not depend on dose, therefore the covariates in model 1 are not correlated.
The PKCRM methods were developed as combining the PKLIM, with the standard CRM. When PKLIM is used alone, we found it had reasonable performance since, essentially, it is a linear regression model resulting from a linear compartment model used to analyze the PK data, but as it does not incorporate the observed toxicities, it led to more patients showing DLTs (data not shown). Another issue was that the dose allocation of PKLIM is driven only by the constant threshold L. As the method does not take into account an adaptive updating of this threshold, a wrong initial guess can lead to poor results. For that reason, the method we present in this paper is PKCRM, which couples PKLIM and CRM: in that way, PKLIM can take the role of a second constraint based on AUC. Nonetheless, even in this model the choice of L is crucial. As shown in the tables in the Results section, when L is equal to the real toxicity threshold τ T , PKCRM maintained, more or less, the performance of CRM while reducing the risk of overdosing. When L is greater than τ T , the more we increase L, the nearer we get to the unmodified CRM (PKCRM L=18.1 in our examples) as we relax the PK constraint. Conversely, when L is lower than τ T , as we expected, PKCRM was not able to achieve the real MTD since PK constraint drives the dose selection downwards. For that reason careful choice of L is necessary before starting trials: it could either improve considerably the PCS (scenario 6) or lead to very wrong results, which may make it difficult to use in practice when little information is available beforehand. In the motivating example used in our simulations, a threshold for the AUC was derived from animal studies (Gueorguieva et al., 2014) , which is common practice in drug development. Approaches to setting the threshold range from empirical (extrapolating a nontoxic AUC to humans and dividing by 10 for safety) to heavily mechanistically based (using predictions from, e.g. PBPK models). An alternative in practice could be to test different thresholds, to adapt the thresholds during the trials based on the first cohorts included in the trial, or to combine the results obtained with different thresholds through model averaging approaches.
Following this idea, we can see PKLOGIT as an attempt to adaptively estimate the threshold L of PKLIM. This requires an underlying model, mechanistically increasing the number of equations and parameters. This could lead to difficulties in parameter estimation when the relationship between C 2017 The Authors. Biometrical Journal published by WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com toxicity and AUC is represented by an Heaviside function, as in four of our Scenarios (1-3,6). However, when the MTD is not located at the last dose level, the logistic function can have enough data to approximate, more or less, the step function. Together with PKTOX this method had the best ability to estimate the probabilities of toxicity over the range of candidate doses used in the study, suggesting that it provides us with more information on the dose-concentration-toxicity relationships than the previous methods considered. The two equations work at different levels: the model that links p T and log(AUC) operates at the patient level and the Gaussian regression operates at the population level. Computing P(y i+1 = 1|β =β i ) involves an integral and is likely to be affected by the errors from both regressions, thus in some cases they could interact to contribute a bigger final error, especially in a small sample setting. We tried to add a more simple population level step in PKPOP similar to a logistic regression relating p T to log(d ), but in that case the regression is made at the AUC population level (AUC = d/CL), that is part of the variability is already estimated in a previous model. From the results one can see that this simpler model works better in cases when toxicity versus AUC can be modeled by a step function, especially in scenario 2-3. It should be noted however, that it converges to p T versus log(d ) more slowly, needing larger numbers of patients to be recruited into the trial.
In the last two methods, DTOX and PKTOX, we investigate two different ways of estimating the dose-toxicity curve. For that reason, both approaches use the real link function ( ), even if, after simulations, the logit link had the same performance of the probit link. The difference between the two methods is that DTOX directly models the toxicity as a function of dose while PKTOX uses drug exposure, with an increased number of equations and parameters. PKTOX, like PKLOGIT, is therefore more of a AUC targeting method than a dose targeting method. This suggests that it could be useful for a personalized medicine approach targeting individual drug exposure. It would also reflect the pharmacokinetics of the drug in a more subtle way than considering only the dose, as different dosing regimens could lead to different drug exposures for nonlinear pharmacokinetics, and AUC can then be predicted from the PK model. It is useful to recall that DTOX and PKCRM L=18.1 , which approaches the unmodified CRM for all scenarios except Scenario 3, are two methods that do not use PK information. They are able to well estimate the probability of toxicity linked to the MTD, but not all the other probabilities of toxicity, as we showed in Figs. 3 and 4 (in those figures PKCRM L=10.96 only is plotted, but all PKCRM method behaved in a similar way). These systematic deviations can be attributed to the usual dose allocation process, that tends to allocate the majority of the patients near to the MTD. Therefore, the methods can get information in this limited range, that is, the MTD and adjacent doses, but do not gain information on other doses. This leads to a very good estimation of only a limited part of the dose-toxicity curve so that increasing the sample size does not improve estimation of the other parts of this curve for these methods.
Dose-finding methods can be broadly classified according to two different types of approaches, the "dose-estimators" and the "dose-finders" (Rosenberger and Haines, 2002) . In the first type, the aim is to estimate the entire dose-toxicity curve, and to determine the dose associated with a given percentile of the dose-toxicity curve. Model-based approaches combined with optimal design belong to this framework (Bornkamp et al., 2007) . The second type, which is the approach usually applied in the oncology setting, the aim is to home in on the maximum tolerated dose amongst the doses tested in the trial, without estimating the entire dose-toxicity curve (O'Quigley et al., 1990; Whitehead and Brunier, 1995; Babb et al., 1998) , so that results are valid only for the doses tested. The CRM, since it is built directly to take care of a discrete number of doses, is a "dose-finder" method. After choosing the skeleton, the regression makes sense only for the given set of the doses and it is meaningless to extrapolate to other doses after the estimation. For that reason, PKCRM L=18.1 , which essentially tends to the unmodified CRM, had good performance in PCS, except in the last scenario, in which the CRM skeleton played an important role. It should be noted that the same skeleton was used across all scenarios, which reflects the approach used in practice where the skeleton could be based on prior information. On the other hand, all the other methods are more "dose-estimator" methods, since they try to estimate the entire dose-toxicity curve, and only in the last step of the method do they focus on the C 2017 The Authors. Biometrical Journal published by WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com discrete set of candidate doses. In that case, extrapolation to the entire dose-toxicity curve is a natural extension. Our results show that dose-finder approaches home in on the MTD in an efficient way, but that the probability of toxicity was estimated poorly for doses far from the MTD. Dose-estimators on the other hand allowed us to better estimate the probabilities of toxicities throughout the range of doses, which make them more useful when considering the entire drug development process to integrate the information collected throughout successive trials. Dose-finders, on the other hand, focus on determining the probability of toxicity for each dose level and then select the one near to the target, so that extrapolation to different dose ranges is difficult.
Although our results partly depend on the settings of our simulation study, they were consistent across different simulation scenarios including variability in the patient sensitivity. They should hold regardless of the actual underlying PK relationship as long as the link between the exposure and the occurrence of toxicity is reasonably well accounted for. The actual benefit of including PK may vary, as shown for instance in the first scenario where the priors and working models are already well informed so that the PK information does not bring much added information. It would also be worth investigating the impact of departures from the model assumptions, such as the presence of nonlinear pharmacokinetics, although such models could be accommodated within the proposed methods by changing the regression submodels. However, our simulations show that taking account of the exposure does not harm the determination of the MTD but provides more precise estimation of the entire dose-toxicity relationship. Further work is ongoing to evaluate methods taking into account both PK and PD in order to target effective doses.
In conclusion, our results show that dose-estimators can provide more information on the dosetoxicity relationship and the role of exposure, while traditional methods are more specifically targeted toward finding the MTD and will derive it more efficiently. Studies have shown that the wealth of data accumulated during clinical development is insufficiently utilized, and suggested analysis, modeling, and simulation can capitalize sequentially on accrued data to streamline drug development and provide better medicines to better targeted patients (Arrowsmith, 2011) . The dose-estimator methods require additional PK information, but the models involved are simpler than in full-model based approaches and can easily be implemented in practice. Ultimately, there is a trade-off between immediate gain, which is the determination of the MTD for the next study, and long-term goals, that is, accruing information about the entire dose-toxicity relationship. We would argue that dose-estimators can also be useful in the long run to extrapolate conclusions to different dosage regimens and ranges of doses.
